Most models used in land surface hydrology, vadose zone hydrology, and hydro-climatology require an accurate representation of soil thermal properties (soil thermal conductivity and volumetric heat capacity). Various empirical relations have been suggested to estimate soil thermal properties.
, and thermal gradients (Somerton, 1992) . These available measurement techniques are mainly time-consuming, costly, and labourextensive. As a result, earlier hydrologic campaigns have not measured them as rigorously as the other hydro-climatic driving factors such as precipitation, topography, and vegetation despite their importance. Because of the lack of measured soil thermal properties, researchers regularly approximate them in different ways and then associate any errors or uncertainties in model predictions with their soil thermal estimates (Mohanty et al., 2002 ).
Because of difficult and time-consuming in situ measurement procedures and also relatively high cost of measuring instruments, a number of studies have tried to develop empirical relations to estimate soil thermal conductivity based on the influential factors such as soil texture, water content, To overcome the aforementioned deficiencies associated with the empirical and variational data assimilation models of estimating soil thermal properties, we have introduced a new methodology to estimate soil thermal properties from easily measurable land surface temperature (LST). The approach developed in the context of this research used an optimization method (genetic algorithm) coupled with a finite difference modeling technique to estimate soil thermal properties. Unlike the available empirical and/or neural network-based approaches, the new model does not need the inaccessible input data such as soil water content, porosity, and grain size distribution. It can also be applied over a wide range of soil moistures.
Sequences of land surface temperature (LST) measurements are used as the only input and estimate soil thermal properties by minimizing an objective function describing the difference between measured and simulated LST. Therefore, the main superiority of the proposed model over the available methods of estimating soil thermal properties is the fact that it requires only LST measurements. The objective (fitness) function can be minimized by using a suitable nonlinear optimization technique (e.g., the steepest descent method, Guass-Newton method, conjugate gradient method, etc.). However, these traditional non-linear optimization techniques are inefficient, or prone to converging to local optima, and often pose a convergence problem. Consequently, in the recent past, the traditional non- A particular advantage of GA is its insensitivity to the initial guess values of the parameters (i.e., variables) to be optimized. Unlike the traditional optimization techniques, GA searches from a population of points, and not from a single point, and thus is less prone to get 'stuck' at local optima Final submitted versionCitation of this paper: Bateni, Jeng & Naeini (2012): Estimating soil thermal properties from sequences of land surface temperature using hybrid genetic algorithm-finite difference method, Engineering Applications of Artificial Intelligence, 25, 1425-1436 4 than gradient search or other traditional optimization methods. Hence, a properly designed GA ensures global optimal or at least near-optimal solutions to optimization problems. Therefore, in this study, GA is used to minimize the objective function. Since the objective function minimizes the difference between observed and simulated LST, the relevant system equation is the heat diffusion equation. A very robust approach for solving the heat diffusion equation includes the use of numerical methods.
One class of numerical methods that is extremely popular involves finite difference (FD). Herein, the FD technique which can effectively model the inhomogeneity within the soil is utilized to solve the heat diffusion equation and simulate LST. for the optimal removal of heavy metals pollutant from groundwater.
In this paper the efficiency of the hybrid GA-FD method is examined for estimating the soil thermal properties from the LST time series. The FD approach is employed to calculate LST, then GA is used to estimate soil thermal properties by minimizing an objective function representing the difference between observed and calculated LST. The applicability, adequacy and robustness of the developed model are tested using the area-averaged Betts and Ball (1998) 
with boundary conditions
where
is the soil temperature at depth z and time t, ) (t G is the ground heat flux or surface boundary forcing and T is the deep soil temperature (herein deep soil is taken at z = 0.5 m). The initial condition, )
, includes soil temperature values for each node in the soil column at the beginning of the simulation (time 0 t ). In this study, measurements of soil temperature at z = 0.5 m, and ground heat flux are used for the lower and upper boundary conditions, respectively. Even for cases, in which the ground heat flux (G) and deep soil temperature (T ) haven't been measured, LST observations can be used to retrieve them.
The diurnal amplitude of the soil temperature is the maximum at the surface and decreases exponentially with depth. At a depth of 0.3-0.5 m, diurnal soil temperature amplitude is negligible and at these depths soil temperature can be considered constant over a day (Hu and Islam, 1995 observations. Thus, we could say that the LST measurement is the only input to the model.
Numerical Model (Finite Difference)
To obtain meaningful results from a numerical approximation, a model must be well posed. The prerequisites of a well-posed model are that it conforms to the three basic requirements of (1) existence;
(2) uniqueness; and (3) 
i is the node number, n is the time step, n i T is the numerical value of the soil temperature at depth z i and at time t n , and N is the number of layers within the grid. In this study, a 0.5 m soil column is discretized into N  50 layers with the thickness of 0.01 z  m. Given the half-hourly temporal resolution of ground heat flux and soil temperature measurements, the model was run with a half-hourly time step (i.e., 30 t  min). The FD method is employed to compute land surface temperature because it can effectively and easily model the inhomogeneity within the soil and hence allows generalizing the model for an inhomogeneous soil slab.
Genetic Algorithm 7
Genetic algorithm (GA) is a heuristic global searching technique introduced by Holland (1975) and since then it has been successfully applied to numerous complex search problems (Goldberg, 1989) . It mimics the mechanism of natural selection according to the survival and adaptation biological processes to find near-optimal solutions in a search space. Traditionally, the GA starts with the initial population of binary bits (i.e., 0's and 1's) strings generated in a random way. These binary strings of specific length can encode integers, real numbers, or any potential solutions to the problem, and are taken from the problem search space that includes all the available solutions. The performance of these strings is evaluated by decoding them into a search space and computing the fitness value for each of them with respect to an objective function. Fitness value is an indicator of the quality of each string in the problem's domain. After all strings are evaluated, a new, better population will be created through a set of genetic operators.
The most common genetic operators are: (1) reproduction (selection), (2) There are different techniques to relate a string's fitness to its probability of selection, namely fitness proportionate selection, reminder stochastic sampling with and without replacement, stochastic sampling with and without replacement, deterministic sampling, and stochastic tournament (Goldberg, 1989) . In this study, the fitness proportionate selection technique is chosen for reproduction because of its popularity. This technique picks a string with a probability proportional to its fitness value. Thus, a higher probability of selection ( i P ) is given to a string with greater fitness value according to the following relation:
where i f is the fitness of string i, and m is the population size. It is clear from the above discussion that the high-quality solutions will acquire high probabilities, while the low-quality solutions will obtain small probabilities of existence in the next generation.
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After reproduction, newly reproduced strings in the mating pool are mated through a crossover process. Crossover follows reproduction and is a means that allows the two high-fitness strings (parent) to produce two offspring by swapping portions of their structures based on a random process with specific probability. Crossover proceeds in two steps: First, two newly reproduced strings are chosen randomly for mating from the mating pool. Then, a crossover site is selected for these two strings at random, and the bits of the two strings are exchanged from the crossover site. This is referred to as single-point crossover scheme. The two resulting strings have the characteristics of their parents, are called "children" and are members of a new population. Crossover between the two parent strings takes place with a certain probability, referred to as crossover probability ( c p ). A crossover probability percent of the population will be untouched. The crossover probability is normally set a value so that the crossover is implemented on most of the strings in the population.
The patent strings which do not experience mating, will be copied into the next generation unaltered.
The final result of the crossover genetic operator is the creation of a new population as large as the old population which includes mainly offspring (children) strings, and a minority of parent springs that did not mate and remained unchanged. Reproduction and crossover provide the GA much of its searching capability. The GA selects good points in the previously specified search space via reproduction, and takes advantage of them to generate new points through crossover in order to hopefully create a population containing the fittest individuals.
Finally, mutation operation is applied occasionally, and randomly changes the value of a bit.
Mutation changes the value of '0' to a '1' and vice versa, and thus is an important process that introduces new members to the population. In fact, mutation is a genetic operator applied with a small probability, and increases the population's diversity in order to ensure that no point in the search space has a zero probability of being evaluated (Mousavi et al., 2007) . This is particularly important since mutation enables the GA to converge to the optimum solution, even if the initial population is far from the optimal solution. Having said that, it is evident that choosing an appropriate value for the mutation probability ( m p ) has a vital role on the performance of the GA (Koumousis and Georgiou, 1994; Samuel and Jha, 2003) . DeJong (1975) showed that a mutation probability inversely proportional to the population size is adequate to prevent the GA to get stuck at local optima. The population takes its 9 ultimate form in the current generation after crossover and mutation. Thereafter, by decoding the strings in the current generation their fitness values will be calculated. The new population is used to create other populations through subsequent generations. After a number of generations, these genetic processes (i.e., reproduction, crossover, and mutation) will yield a population with very satisfactory solutions to the physical problem (i.e., highly fit strings in the domain).
Based on the above discussions, the population size, the probability of crossover, and the probability of mutation are the basic parameters that control the performance and convergence of the GA. Therefore, suitable values for these parameters should be chosen in order to ensure the robust performance of the algorithm. The literature shows that for a large number of problems a population size of 50 or more, a probability of crossover 0.6 to 0.9, and a probability of mutation 0.01 or less are good estimates for an initial run (Goldberg, 1989; Koumousis and Georgiou, 1994) . In this study, we observed that very good results could be obtained from the common GA parameters (Table 1) .
[ Table 1 near here]
The technique presented in this paper combines GA with the finite difference numerical scheme.
The search variables in the context of this research are the soil thermal properties. The thermal properties are mapped from the FD numerical model to GA by encoding the variable into a string format and from GA to FD by decoding the string into its corresponding numerical representation.
Furthermore, a flowchart of the specific GA-FD components used in this paper is provided in Fig 1. This technique is applied to the FIFE field data, where the measurement of LST time series exists.
[ Final temperatures is less than that of observations. It is evident in these two figures that the soil thermal properties have a significant effect on the magnitude and amplitude of predicted soil temperature.
[ Figure 2 near here]
[ Figure 3 near here]
Model Tests at FIFE
The GA-FD initiates the search with a randomly generated set of solutions that may or may not be [ Table 2 near here]
In the other three tests, the inhomogeneity through the soil slab (i.e., the vertical variation of thermal properties) is investigated. To consider the effect of inhomogeneity, the soil slab with the total thickness of 0.5 m was divided into two, five, and ten sub-layers of equal thickness in three different numerical experiments (Table 2 ). It is assumed that thermal properties are constant within each sublayer, but they can be different from the thermal properties of other sub-layers. Similar to the assessment of the one-layer model performance, the soil heat diffusion equation was solved with the Final submitted versionCitation of this paper: Bateni, Jeng & Naeini (2012): Estimating soil thermal properties from sequences of land surface temperature using hybrid genetic algorithm-finite difference method, Engineering Applications of Artificial Intelligence, 25, 1425-1436 13 predicted soil thermal properties from the two-layer, five-layer, and ten-layer models and the estimated soil temperatures were compared to measurements based on MAE, RMSE, and R 2 ( Table 2 ). As indicated, by increasing the numbers of sub-layers within the soil slab the optimization results tend to slightly improve and the corresponding RMSE decreases. This implies that the model can assist in predicting changes of soil thermal properties through the soil. To have a better understanding of model performance, the plot of observed and estimated LST from the ten-layer GA-FD model is shown in Fig. 5 for FIFE 87 and 88. As shown, the model can retrieve soil thermal properties, and consequently soil temperature accurately.
[ Figure 5 near here]
As a further test of the robustness of the model, the estimated soil temperature values at z = 0.05 m were compared with the corresponding measurements, which were withheld from the calculation for independent verification (Fig. 6 ). As illustrated, the soil temperature prediction is reasonably accurate, with the RMSE of 1. Table 2 ).
[ Figure 6 near here]
Temporal Variation of Soil Thermal Conductivity
Among the soil thermal properties, the thermal conductivity is most widely used in numerous meteorological and engineering applications. Consistent estimates of the thermal conductivity are useful in understanding the nature of soil thermal evolution and its influence on the microclimate and plant growth (Usowicz et al., 2006) . Among the many factors such as soil water content, mineral composition, temperature, and porosity that influence thermal conductivity (  ), water content is the most variable one under field conditions and has the most significant role. Normally, dry soils exhibit low thermal conductivity because air, a poor conductor, separates the solid grains. If the moisture content of the soil increases, then the thermal conductivity rises because water is a good conductor. As 14 such, a moist soil has a higher thermal conductivity. To demonstrate that the GA-FD method is able to capture the functional dependence of soil thermal conductivity on water content, a numerical experiment was conducted. For this purpose, the one-layer GA-FD model was run for weekly intervals.
In other words, we tried to estimate optimal soil thermal conductivity for each week rather than the whole period. The estimated values of thermal conductivity are shown in Fig. 7 as dashed lines.
Weekly precipitation is also shown in the same figure as bars. As seen, the values of  follow precipitation and dry down events in a consistent manner. Soil thermal conductivity (  ) increases with the accumulation of significant rain amounts, and it decays during an extended dry down event. As shown, the temporal variation of estimated thermal conductivity is consistent with the rainfall and dry down events, even though no information on soil water content and/or rainfall was used in the model.
[ Figure 7 near here]
The weekly predicted soil thermal properties are used to solve the heat diffusion equation. Fig. 8 indicates the comparison between the estimated soil temperatures at z = 0.05 and the measurements. Table 2 indicates that the predictions improve by taking into account the temporal variation of soil thermal properties.
Finally, the average of weekly  values is computed and compared with that of the time-invariant one-layer GA-FD model in Table 2 [ Figure 8 near here]
Conclusions
The accurate estimation of soil thermal properties is required in many agricultural and meteorological applications. It also has a significant impact on regulating surface energy fluxes and the prediction of soil temperature. Unlike previous studies, which rely mostly on empirical equations and need many input parameters, this study introduces a new technique for estimating soil thermal
properties that overcomes the limitations of previous studies. The developed technique combines a numerical modeling technique (Finite Difference, FD) with an optimization method (Genetic Algorithm, GA) and uses LST as the only input. It also can be applied over a wide range of soil moisture and a soil temperature. The finite difference model is employed to solve the heat diffusion equation and estimate LST. Thereafter, the efficiency of a nontraditional optimization technique called genetic algorithm is assessed in predicting soil thermal properties by minimizing the difference between the observed and estimated LST from the finite difference model. The applicability, adequacy, and robustness of the developed model were tested using the FIFE dataset. The heat diffusion is solved using the retrieved soil thermal properties from the GA-FD model. It was observed that the estimated soil temperatures at the surface and z = 0.05 m are very close to the measurements. This proves that the GA-FD model is able to estimate soil thermal properties accurately, especially because soil temperature measurements at z = 0.05 m are withheld from the optimization scheme for independent validation of retrieved soil thermal properties.
In addition, the developed model was generalized to take into account inhomogeneity through the soil slab. The generalized model divides the soil slab into sub-layers and estimates soil thermal properties within each sub-layer individually (i.e., the soil thermal properties of each layer are estimated independently). The results improve as the model accounts for the soil inhomogeneity.
Finally, we demonstrated that the GA-FD model is capable of showing the functional dependence of soil thermal conductivity on the volumetric water content even though no information on soil water content or rainfall was used as input.
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Population size 100
Number of generation 50
Probability of crossover 0.7
Probability of mutation 0.01
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